Abstract. Cocoa agroforestry is a major landuse type in the tropical rainforest belt of West Africa, reportedly 11 associated with several ecological changes, including soil degradation. This study aims to develop a composite 12 soil degradation assessment index (CSDI) for determining the degradation level of cocoa soils under smallholder 13 agroforests of southwest Nigeria. Plots where natural forests have been converted to cocoa plantations of ages 1-14 10 years, 11-40 years and 41-80 years, respectively representing young cocoa plantations (YCP), mature cocoa 15 plantations (MCP) and senescent cocoa plantations (SCP) were identified to represent the biological cycle of the 16 cocoa tree. Soil samples were collected at a depth of 0-20cm in each plot and analysed in terms of their physical, 17 chemical and biological properties. Factor analysis of soil data revealed four major interacting soil degradation 18 processes, decline in soil nutrient, loss of soil organic matter, increase in soil acidity and the breakdown of soil 19 textural characteristics over time. These processes were represented by eight soil properties (extractable zinc, silt, 20 SOM, CEC, available phosphorus, total porosity, pH, and clay). These soil properties were subjected to forward 21 stepwise discriminant analysis (STEPDA), and the result showed that four soil properties (extractable zinc; cation 22 exchange capacity; soil organic matter and clay) have the highest power to separate the studied soils into YCP, 23 MCP and SCP. In this way, we hope to have controlled sufficiently for redundancy in the final selection of soil 24 degradation indicators. Based on these four soil parameters, CSDI was developed and used to classify selected 25 cocoa soils into three (3) 
is practically difficult (Lal and Cummings 1979) . Therefore, good knowledge of SQ is important for developing 53 appropriate anti-degradation measures (Tesfahunegn, et al., 2011) . Since, soil degradation and soil quality are 54 interlinked through many processes (Lal, 2015) , scholars have suggested that soil degradation can be assessed 55 using soil quality assessment strategies (Tesfahunegn, 2014 , Pulido et al. 2017 ). But, an essential step when 56 assessing soil degradation based on soil quality assessment strategies is the need for careful selection of 57 appropriate indicators relevant to degradation processes under investigation. 58
Degradation of soils is complex, often the consequence of many interacting processes (Prager et soil samples are usually kept at top-soil layer (plough layer). Two categories of soil samples were taken at each 167 sampling point to promote a detailed investigation of soil-property differences. The first was an undisturbed 168 sample using a bulk-density ring measuring 5 x 5 cm (diameter and height), whereas the other sample was taken 169 using a soil auger. The first sample was used to determine bulk density (BD), water-holding capacity (WHC) and 170 saturated hydraulic conductivity (SHC), and the second sample was used to determine the other studied soil 171
properties. The soil samples were stored in labelled polythene bags and taken to the laboratory for analysis. The 172 composite soil samples aggregated from the five samples collected in each plot were air-dried for two weeks, 173 hand ground in a ceramic mortar, passed through a 2 mm sieve and analysed for chemical properties and particle-174 size distribution. Twenty-two soil properties were selected for analysis. The analytical methods are summarized 175 in Table 1 . 176
Statistical analyses and index development 177
Based on extensive review of literature on soil quality and degradation assessment indexing, CSDI was developed 178 using a range of statistical techniques and procedures. The methodology consisted of eight steps as shown 179 schematically in fig. 2 . Each of these steps is outlined below. 180
Step 1) involved selection of relevant indicators of soil degradation. Here, we selected twenty-two (22) analytical 181 soil properties widely acknowledged as soil quality and degradation indicators. 182
In
Step 2) a factor analysis was performed to group all the soil data into statistical factors with principle component 183 analysis (PCA) as the method of factor extraction (Tesfahunegn et al., 2011) . Factors were subjected to varimax 184 rotation with Kaiser normalization in order to generate factor patterns that load highly significant variables into 185 one factor, thereby producing a matrix with a simple structure that is easy to interpret (Ameyan and where more than one soil property was found to be of high importance under a single PC, Pearson's correlation 197 coefficients were used to determine if any of these variables are redundant (Qi et al. 2009 In Step 3) of the CSDI development, the highly important soil properties under each factor were subjected to 201 stepwise discriminant analysis (STEPDA) to select key soil properties (variables). In principle, stepwise 202 discriminant analysis generates two or more linear combinations of the discriminating variables, often referred to 203 as discriminant functions (Tesfahunegn et al., 2011) . Whereas, the discriminant functions can be represented as: 204
where Di is the score on discriminant function i, the d's are weighting coefficients, and the Z's are the standardized 206 values of the p discriminating variables used in the analysis (Awiti et al. 2008) . In this study, STEPDA was used 207 to select variables with the highest power to discriminate between the treatments. The validity of the result was 208 evaluated using the Wilk's Lambda value. This value is an index of the discriminating power ranging between 0 209 and 1 (the lower the value, the higher the discriminating power). At each step of STEPDA, the variable that 210 minimizes the overall Wilks' Lambda was selected. One of the advantages of STEPDA is that the final model 211 contains the variables that are considered useful. The result of this process was an MDS consisting of the most 212 important variables for quantifying soil degradation in the selected plantations. 213
Step 4) involved the normalisation of the MDS variables to numerical scores between 0 and 1 using a linear 214 
where D is the degradation score and L is the normalized MDS value. Here, a score of 1 signifies the highest 223 possible soil degradation score and 0 represents complete absence of degradation for a particular soil property. 224
In Step 6) the degradation scores (D) were integrated into an index using the weighted additive method: 225 where, Z is the z-score, x is the CSDI value of each plot, μ is the mean value and σ is the standard deviation. In 236 principle, z-scores explain the standard deviations of input values from the mean (Hinton 1999). For this purpose, 237
a Z values between -1 and 1 were regarded as having a moderate degradation status, while values of more than 1 238 was regarded as high and less than -1 as low (see results section for further explanation on this categorization). 239
In Step 8) the CSDI classification was statistically validated using a canonical discriminant analysis (CANDA). 240
Canonical discriminant analysis is a multivariate statistical technique whose objective is to discriminate among 241 pre-specified groups of sampling entities. The technique involves deriving linear combinations of two or more 242 discriminating variables (canonical variates) that will best discriminate among the a priori defined groups. In this 243 study, we used the "leave-one-out" cross validation procedure of CANDA. Using this procedure, a given 244 observation is deleted (excluded) and the remaining observations are used to compute a canonical discriminant 245 function that is used to assign the observation into a degradation class with the highest probability. For instance, 246 a sample with a probability of 0.003, 0.993 and 0.004 belonging to low, moderate and high degradation class 247 respectively was assigned to medium. This procedure is repeated for all observations and the result is a "hit ratio" 248 or confusion matrix, which indicates the proportions of observations that are correctly classified. Additionally, 249
CANDA was used to confirm the significance of the explanatory variables that discriminate between the three 250 soil degradation classes. In this study, the threshold (T) for the selection of variables correlating significantly with 251 the canonical discriminant functions was taken as T= 0. Table 2 shows the results of the factor analysis and reveals that the first five PCs had eigenvalues > 1 as illustrated 258 by the scree test (figure 3). Each PC explained 5% or more of the variation of the dataset. The first five PCs jointly 259 accounted for more than 77% of the total variance in the data set. In addition, it explained 68% of the variance in 260 available phosphorus, 84% in SOM, 76% in calcium, 65% in pH, 87% in clay, 90% in total nitrogen, 77% in silt, 261 83% in magnesium, 83% in sand, and 58% in bulk density. The high communalities among the soil properties 262 suggests that variability in selected soil properties is well accounted for by the extracted factors ( Table 3 ), both were retained as highly important variables. Given that SOM 273 was significantly correlated with several of the eliminated soil properties in the group, the second component 274 factor was labelled the soil organic matter degradation factor. 275
The third component factor (PC3) was highly loaded on available phosphorus (0.810) and total porosity 276 (0.801). Because the correlation coefficient between the two variables is relatively low (r=0.578; p˂0.001; Table  277 3), both properties were retained. The group of variables associated with the third factor was termed the available 278 phosphorus degradation factor. The fourth factor was labelled as soil acidity degradation factor because it was 279 highly loaded on pH (0.791) only. Similarly, the fifth factor was labelled soil textural degradation factor because 280 it was dominated by clay (0.812). 281
So far, the PCA result suggests that soil degradation in the study region is mainly linked to four 282 degradation processes, namely 1) decline in soil nutrient, 2) loss of soil organic matter, 3) increase in soil acidity 283 and 4) the breakdown of soil textural characteristics arising from differences in clay eluviation ( Figure 4 ). 
Selecting a minimum dataset (MDS) of soil degradation indicators 292
The PCA results presented thus far suggest that eight indicators (extractable zinc, silt, SOM, CEC, 293 available phosphorus, total porosity, pH, and clay) can be used to assess soil degradation in the study area. 294
However, the collection and analysis of such a large number of indicators is not viable for monitoring programmes 295 covering extensive areas and the identification of key soil degradation indicators will be very useful. The eight 296 soil properties were consequently subjected to forward stepwise discriminant analysis (STEPDA) to determine 297 which of them are most important for soil degradation monitoring in the study area. overall Wilks' lambda test (lambda=0.047; p<0.001) confirms that the means of the cocoa plantation 302 chronosequence (CPC) were significantly different for the two discriminant functions. 303 Table 4 shows that the first discriminant function which accounts for more than 80% of the variance in 304 soil properties is positively correlated with organic matter (0.952; p˂0.001), extractable zinc (0.806; p˂0.001), 305 CEC (0.611; p˂0.001), thus it is labelled soil organic matter and macro nutrients dimension. This result suggests 306 that the plots in MCP have higher concentrations of soil nutrients than YCP and SCP. Similarly, the second 307 discriminant function, which accounts for more than 19% of the variance in soil properties is positively The result of STEPDA confirmed that only four soil properties are significant in discriminating between 312 the cocoa plantation chronosequence (CPC). These soil properties and their partial regression (R 2 ) are SOM 313 importance of these variables, as indicated by the length of their eigenvectors, is (in decreasing order) SOM, 316 extractable zinc, CEC, and clay. Consequently, these four soil properties constitute a minimum dataset (MDS) of 317 soil degradation indicators in our study area. 318
MDS normalization, transformation and integration into CSDI 319
The four selected indicators of the MDS were normalized and transformed into degradation scores (D) as 320 described in Section 2.4. Weights were assigned to each degradation score using the result of the factor analysis 321 (Table 2) . As an example, the procedure to calculate the weighting factor for extractable zinc was as follows: the 322 individual percentage variance for PC1 (23.70), was divided by 77.15%, the cumulative percentage of variation 323 explained by all the retained PCs (Table 3) 
Statistical validation of CSDI 353
A canonical discriminant analysis (CANDA) was used to validate the CSDI classification. The values of 354 the four soil properties (organic matter, extractable zinc, CEC and clay) were used as data input. Fig. 9 and Table  355 7 show that the three soil degradation classes (low, moderate and high) were significantly separated on the first 356 and second canonical functions (Wilk's Lambda=0.156, F6,68=13.04, p<0.0001). Of the total variance, 93.46% 357 was accounted for by the first canonical function, which was significant at p<0.001. The second canonical 358 function accounted for 6.54% of the total variance and was significant at P<0.005. Extractable zinc, organic matter 359 and cation exchange capacity significantly contributed to the distinction among soil degradation classes and were 360 positively associated with the first canonical function (Table 7) . Clay also contributed significantly to the 361 distinction among soil degradation classes, but was positively associated with the second canonical function 362 (Table 7) . 363 CANDA classification results in Table 8 reveals that the CSDI model performs reasonable well, showing a 364 low level of misclassification. The table shows that for the original grouped cases, the CANDA correctly classified 365 6 of the 7 (85.7%) low, 23 of 26 (88.4%) moderate and all of the high cases. The implication of the CANDA 366 accuracy assessment is that the proposed classes of soil degradation (Low, Moderate and High) were significantly 367 separated by the four canonical variables included in the model and that the model can consequently be used with 368 a high degree of confidence. Result from this study indicate that the CSDI can effectively be used to monitor and 369 evaluate the degree of soil (Alfisols) degradation under cocoa plantation in the study area (and similar 370 environments). However, more work is needed, to apply and evaluate the index on different soil types from 371 different cocoa producing regions or countries. 372
Conclusions 373
In this study, we developed a composite soil degradation index (CDSI) to cost-effectively assess the status 374 of soil degradation under cocoa agroforests. Of the initial twenty-two (22) soil properties evaluated, multivariate 375 statistical analyses revealed that four (4) soil properties (extractable zinc, SOM, CEC and clay) were the main 376 indicators of soil degradation. This minimum dataset (MDS) of soil degradation indicators was used to produce a 377 CSDI, which was classified into three classes of degradation. According to this classification 65% of the selected 378 cocoa farms are moderately degraded, 17.5% have a high degradation status and 17.5% show no sign of 379 degradation. This classification corresponded well with a CANDA classification performed on the same dataset. 380
The findings suggest that the selection of a small set of relevant indicators will be more cost-efficient and 381 less time consuming than using a large number of soil properties that may be irrelevant to the processes of 382 F2  F3  F4  F5  F6  F7  F8  F9  F10  F11  F12  F13  F14  F15  F16  F17  F18  F19  F20 
